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Abstract

We investigate the problem of allocating strike
force assets in a dynamic targetting environment
using a genetic algorithm. The nonlinear pro-
gramming formulation developed in this paper
encompasses both strike and suppression respon-
sibilities as well as multi-target and multi-threat
allocations. Partitioning the allocation strategy
matrix into strike and suppression components
results in a more effective search. Results on
two constructed problems show that the genetic
algorithm quickly and reliably finds optimal or
near-optimal allocations.
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1 Introduction

The Real-time Targeting and Retargeting (RTR)
program at the Space and Naval Warfare
(SPAWAR) Systems Center, San Diego (SS-
CSD), is developing a Real-time Execution Deci-
sion Support (REDS) system that supports real-
time retargeting for joint mission strike force op-
erations. The overarching goal of the REDS
tools is to provide warfighters with rapid mission
planning /replanning, mission execution, target-
ing and combat assessment capabilities. Uti-
lizing in-theater assets, REDS will allow the
warfighter to respond, in real time, to dynam-
ically changing target and threat situations.
The essence of strike force planning consists of
allocating a collection of strike assets to a set of
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targets. An air strike package typically consists
of attack, fighter support, suppression of enemy
air defenses (SEAD), and C? elements. Strike
force assets are assigned prior to launch during
the mission planning phase which can take up
to 12 hours to complete. (Another REDS com-
ponent, the distributed element level planning
tool, compresses this timeline by roughly 75%-
85%.) Armed reconnaissance and "kill box” pa-
trolling missions are exceptions to the specificity
required for pre-ordained targeting. For these
types operations, the mission planners usually
select weaponry that is robust against a wide ar-
ray of targets.

The dynamic nature of the battlefield envi-
ronment poses a particularly challenging prob-
lem for mission strike force operations in which
the weaponry load outs of a platform are de-
termined based upon pre-ordained targets and
weather forecasts. The present work investigates
the capabilities of allocating strike force assets in
dynamic battlefield situations. Dynamic reallo-
cation of assets may be warranted when threats
”pop-up” during the course of tactical air oper-
ations or inclement weather sets in. Other con-
ditions that may also warrant dynamic realloca-
tion of strike force assets include compromised or
disabled assets, unexpended ordnance, and the
realization of higher priority targets.

A genetic algorithm
[Holland, 1975, Goldberg, 1989, Fogel, 1995] is a
randomized, parallel search algorthm designed to
search poorly understood, nonlinear spaces. As
such it seems well suited to this nonlinear prob-
lem formulation. Preliminary results reported in



this paper provide evidence of this suitability.

The next section describes work related to as-
set allocation. Section 3 provides a mathemati-
cal formulation of the asset allocation problem.
This formulation gives the genetic algorithm de-
scribed in section 4 a fitness function to be max-
imized. The last section offers results and con-
clusions.

2 Previous work

Many investigations have been conducted into
the optimization of strike force assets. Most,
if not all, of these consider the problem of al-
locating assets to targets prior to launch. For
example, Griggs [Griggs et al., 1997] formulated
a mixed-integer program (MIP) to allocate plat-
forms and ordnance for each objective. Their
MIP is augmented with a decision tree that
determines the best plan based upon weather
data. Li [Liet al., 1997] converts a nonlinear
programming formulation into a MIP problem.
Although risk is not explicit in this formulation,
it does account for defender suppression. Finally,
Yost [Yost, 1995] provides a survey of work con-
ducted that addresses the optimization of strike
allocation assets.

A genetic algorithm has also been used for
determining optimal aircraft to target alloca-
tions. Abrahams [Abrahams et al., 1998] formu-
lates a nonlinear objective function that is used
for evaluating allocation strategies. While ac-
counting for effectiveness, joint effectiveness, and
risk, their formulation constrains the number of
platforms to a single objective. This is unreal-
istic in light of the fact that a SEAD asset may
act to suppress several threats at any given time.
Similarly, an attack asset may be expected to at-
tack multiple targets on a sortie.

The strike force asset problem considered here
involves the allocation of strike force assets in a
dynamic targeting environment. That is, it as-
sumes that weaponry load-outs have been prede-
termined based upon targeting priorities. Once
a strike package is in theatre the enemy’s state
may have changed, significantly effecting the pre-
planned mission. Instead of aborting the mis-

sion, the strike force assets can be reassigned to
new targeting objectives assuming reallocation
occurs in a timely manner. As a first step in
solving this problem we study the performance
and suitability of a genetic algorithm for asset
allocation.

3 Problem Formulation

The air-strike package consists of a variety of
platforms, each of which has a specific role
in the mission. A platform’s effectiveness de-
pends on the assets loaded and proficiency of
the pilot. The mathematical formulation of
the problem is based on the work done by
Abrahams [Abrahams et al., 1998]. Modifica-
tions were made to accommodate pilot (or smart
munitions) performance capabilities and relax
the single platform-to-objective constraint that
had been imposed.

The goal of the optimizer is to select the most
effective platform(s) P, ..., P, to achieve the tar-
geting objectives T1, ..., T),. The platform alloca-
tion strategy is represented as an maxn matrix
X where z;; = 1 if platform P; is assigned to
objective T; and 0 otherwise. A platform can
be assigned to more than one objective up to a
maximum of M; that a platform P; can accom-
modate.

Each platform has a load-out that is config-
ured prior to launch. The total number of assets
in the overall strike package is represented as a
set of assets A = Al, ..., Aq. The binary variable
I';; represents the assignment of the j;, asset to
the 74, platform. Once the platforms are allo-
cated to targeting objectives, the optimizer as-
signs the most effective weaponry from the exist-
ing load-out to achieve the desired effectiveness.
This assignment of resources may be represented
as a binary nxq matrix (2 that indicates asset A;
has been allocated to objective T;.

The proficiency of the pilot of platform P; in
using on-board asset A; is represented as d;;.
This term can also accommodate the usage of
smart munitions that have characteristics inde-
pendent of a particular pilot’s capabilities. If w;;
represents the effectiveness (probability) of asset



Aj achieving objective T, then, assuming statis-
tical independence between on-board assets in
achieving the targeting objectives, the probabil-
ity of platform P; achieving objective T}, is

q
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where ¢ is the total number of assets in the strike
package.

The overall probability of an objective T} be-
ing achieved by all platforms in the strike pack-
age is given by

m
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where m is the number of platforms. We also in-
corporate a prioroty term, p;, for each objective
T; and included in the objective function as

U(X) =) pjsj
j=1

where n is the number of objectives.

The coupling of assets to jointly achieve an ob-
jective can provide a marginal benfit as described
by

n q q
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where @152 is the joint effectiveness added by
simultaneously assigning assets Ag; and Ags to
the same objective, T;. It is important to note
that ® can be negative as well as positive.

The risk to the platforms, as well as their
value, should also be addressed in the objective
function. If each platform P; has an associated
value v;, and the risk associated with allocating
platform P; to objective T} is r;j, then the cost

term m
Y(X) = rijmi;

i=1j=1

needs to be included in our objective function.
The resulting objective function provides a
measure of effectiveness of the strike as well as an

evaluation of the risks and costs entailed in car-
rying out the mission. Combining the effective-
ness terms, U(X) and V(X), with the risk/cost
component, Y (X), yields the function to be op-
timized

J(X) = aU(X) + pV(X) +19Y(X) (1)
J(X) should be maximized in order to maximize
the effectiveness while minimizing the risk.

4 Implementation

We used the three-operator genetic algorithm
described in Goldberg’s book [Goldberg, 1989]
but modified the selection operator to wuse
CHC [Eshelman, 1991] selection. Let the pop-
ulation size be N. In CHC selection, the off-
spring produced by crossover and mutation ini-
tially double the population. The new genera-
tion consists of the best N individuals from the
combined 2N parents and offspring.

Our selection strategy induces strong conver-
gence and needs to be balanced by high crossover
We have found that two
point crossover with crossover rate of 1.0 cou-
pled with point mutations with a mutation rate
of 0.05 works well and these were used in our re-
ported results. A population size of 100 was used
and the genetic algorithm ran for 100 iterations.

Each individual was encoded in a binary string
composed from substrings corresponding to each
platform (see Figure 1). Each substring encodes

and mutation rates.
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Figure 1: An individual represents an allocation
of platforms to targets

the targets that the platform has been allocated
and the concatenation of these platform sub-
strings encodes the allocation of platforms to tar-
gets for the strike force.

We constructed two test problems to evaluate
the genetic algorithm’s performance. The prob-
lems used fixed values of all platform, pilot, and



target properties. Risk was the only factor that
varied and we used only the two extreme values
of 0.0 and 1.0, with 0.0 risk on the diagonal ele-
ments of the risk matrix. This provided us with a
known fixed optimum for the problems and thus
an objective means by which to evaluate the ge-
netic algorithm’s suitability.

The first problem had ten platforms, ten tar-
gets, and forty assets. Each platform could be
allocated to 2 targets. We need four (4) bits to
associate a unique id for each of 10 targets and
thus each platform substrings consists of 422 = 8
bits and for 10 targets we end up with a chro-
mosome length of 8210 = 80 bits.

The second problem had 20 platforms, 20 tar-
gets, and 80 assets. Each platform could again
be allocated to 2 targets. We now need 5 bits to
associate a unique id for each of the 20 targets
and the chromosome length thus ends up to be
200.

5 Results

The graphs in the next section are all averages
over ten independent runs of the genetic algo-
rithm with the parameters defined above. Fig-
ure 2 shows the maximum, average, and min-
imum fitness versus the number of iterations of
the genetic algorithm. on the first problem while
Figure 3 shows the same performance metrics on
the second problem.

These graphs indicate that the genetic algo-
rithm easily finds the optimum for these two con-
structed problems. For a fixed population size
and maximum number of iterations, the running
time of the genetic algorithm on this allocation
problem is dominated by evaluation time (the
time needed to calculate the objective function)
which grows as the V(X) term in equation 1.

This paper offers a new mathematical formula-
tion of the strike package asset allocation prob-
lem and shows that a genetic algorithm offers
a viable optimization algoithm for this problem.
We would like to study the effect changes in plat-
form, target, asset, and pilot properties, singly
and in combination and much work remains to
be done.
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Figure 2: Genetic algorithm maximum, average,
and minimum performance on the 10 platform,
10 target, 40 asset problem
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Figure 3: Genetic Algorithm maximum, average,
and minimum performance on the 20 platform,
20 target, 80 asset problem



Since the dynamic nature of the targetting
environment places rigid time constraints, the
next step is to reduce the time needed to pro-
duce quality solutions for large allocation prob-
lems. We plan to draw on work that com-
bines genetic algorithms with case-based mem-
ory [Louis and Johnson, 1997] and test the hy-
pothesis that the combined system offers speed
and quality of solution advantages over a genetic
algorithm alone.
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